Articles
T he forests and savannahs of Africa have attracted particular attention, because both climate change and land-use pressure have large impacts on the carbon stocks of woody vegetation, with immediate consequences for the global carbon balance [1] [2] [3] [4] . Deforestation is a well-known threat not only to rainforests 2, [5] [6] [7] [8] , but also to savannah vegetation, which is also threatened by climatic extremes such as dry years 9 . However, the net balance of carbon stocks in the savannah vegetation, changes in plant growth rates (negatively impacted by humans and dry periods but positively affected by elevated CO 2 levels 1 ) and altered mortality of the woody vegetation are currently unknown 10, 11 . We also do not know whether semi-arid regions in Africa, which were identified as an important carbon sink 12 with a peak in the extremely wet year of 2011 13 , have become a carbon source following the recent extreme El Niño in 2015-2016 14 . Knowledge of the amount, distribution and turnover of carbon in African vegetation is crucial for understanding the effects of human pressure and climate change 15 , but the shortcomings of optical and radar satellite products and the lack of systematic field inventories have led to considerable uncertainty in documenting patterns of carbon stocks, and their long-term change over the African continent 3, 4 . Static carbon maps have been developed based on field plots and satellite data using light detection and ranging (LIDAR), visible/infrared reflectivities and radar backscattering. These maps constitute the best benchmarks to date for carbon stored in living woody vegetation [16] [17] [18] [19] [20] . The application of different techniques, however, complicates the direct comparison of these maps, and results differ in magnitude and spatial patterns 19, 20 . Importantly, the temporal dynamics of carbon stocks cannot be derived from the above benchmark maps, impeding timely, repeated and reliable carbon assessments 21 . By contrast, the vegetation optical depth (VOD) derived from high frequency (> 5 GHz) passive microwave-based satellite systems has been used to monitor changes in vegetation carbon 22, 23 . Although the coarse spatial resolution of passive microwaves (43 km gridded at 25 km) has limited their application in the detection of the spatial extent of deforestation, this technology is an attractive alternative to other remote sensing systems, because microwaves at frequencies lower than 15 GHz are almost insensitive to atmospheric and cloud effects. However, high-frequency VOD saturates over forested areas and is generally not considered to be an accurate tool for carbon monitoring 5, 7 . The Soil Moisture and Ocean Salinity (SMOS) mission launched in 2009 was the first passive microwave-based satellite system operating at L-band (1.4 GHz) frequency 24 . These low frequencies allow the satellite to sense deeper within the canopy layer with less influence of green non-woody plant components. The VOD derived from SMOS, hereafter L-VOD, is thus less sensitive to saturation effects 25 , marking an important step forward in the monitoring of carbon as a natural resource. In this study, we use L-VOD to quantify the inter-annual dynamics of aboveground carbon stocks for the period 2010-2016. This study does not attempt at improving current aboveground carbon stock maps nor at a comparison with state-of-the-art data and maps on carbon stocks [18] [19] [20] 23 .
Satellite passive microwaves reveal recent climate-induced carbon losses in African drylands

Results
Estimating Africa's carbon stocks with passive microwaves. The L-VOD map averaged for 2010-2016 was linearly correlated with a benchmark map of aboveground living biomass carbon (hereafter the term carbon stocks is used) across Africa 19 (Fig. 1a) . Although the benchmark map contains bias and uncertainties ( Supplementary  Fig. 1, Supplementary Table 1 ), the comparison clearly demonstrates the strong relationship between L-VOD and carbon stocks. The reference map 19 was therefore used as a training set to convert L-VOD to carbon per unit area (Mg C ha ; r = 0.94; root mean square error (RMSE) = 11 Mg C ha −1 , P < 0.01, n = 26,199) ( Supplementary  Figs. 1 and 2 ). It was previously reported 19 that the total carbon stocks of Africa are 64.50 Pg C (± 13 at the 95% confidence level), which was reproduced (Fig. 1b) using L-VOD data, which predicted a carbon stock of 66.95 Pg C (± 10 at the 95% confidence level, estimated by 10-fold cross-validated RMSE) for the same spatial extent. In contrast to L-VOD, high-frequency X-band VOD 23 (X-VOD) from Advanced Microwave Scanning Radiometer 2 (AMSR-2) saturated for values that were greater than 100 Mg C ha −1 (Fig. 1b) and optical satellite data for values that were greater than 50 Mg C ha Supplementary Fig. 2 ). Moreover, X-VOD data had a much higher inter-annual variability (0.2 ± 0.16 (mean ± s.d.)) than we observed in the L-VOD data (0.04 ± 0.02 (mean ± s.d.)).
We stratified the L-VOD time series analysis of African vegetation into (1) drylands versus humid areas (as defined by the ratio between annual precipitation and potential evapotranspiration 12 ) and (2) four merged land cover classes 26 (Supplementary Figs. 3 and 4, Supplementary Table 1 ). The ability of L-VOD to predict carbon stocks was of similarly strength for drylands (14.28 ± 3.7 Pg C (r = 0.73, P < 0.01, RMSE = 3.4 Mg C ha −1 , n = 13,418)) and for humid areas (56.47 ± 8.2 Pg C (r = 0.93, P < 0.01, RMSE = 7.9 Mg C ha −1 , n = 12,781)). The spatial distribution of carbon stocks at continental scales was relatively even among the land cover classes, with open trees/shrubs (including agricultural lands) comprising almost half of the carbon stocks of rainforests (Supplementary Table 1 ). The mean carbon density was correlated with mean soil moisture and the mean annual rainfall was correlated with changing classes of land cover along the rainfall gradients (Fig. 1c,d ). The correlation between carbon density and rainfall disappears at around 1,600 mm rainfall, and carbon density was markedly higher for rainforests than for the remaining classes (Fig. 1d ).
Africa's carbon stocks are highly dynamic. To compute annual changes in carbon stocks, the coefficients derived from the relationship between the aboveground biomass carbon map 19 and mean L-VOD (Fig. 1a) were applied for each yearly median L-VOD map separately. The general relationship between the reference map and annual L-VOD was stable between individual years ( Supplementary Fig. 5 ). The space-for-time substitution was applied, because no inventory data at such a fine temporal resolution were available. Significant trends in carbon were found using per-pixel linear trends in annual carbon density for 2010-2016 (P < 0.05, 7 years) (Fig. 2a) . Carbon net changes (increases and decreases) were computed by comparing the difference in carbon stocks between the years 2010 and 2016 (Supplementary Table 1) . Gross losses and gains were calculated by cumulating positive and negative changes between all the consecutive years from 2010 to 2016 (Fig. 2b-f ). Gross changes are larger than net changes as losses and recovery occur in the same pixel/region over the study period. The balance between gross gain and gross loss equals the net changes and is shown in Fig. 2b .
Over the study period, net changes in carbon were relatively balanced in most latitudinal bands (Fig. 2c) . Across sub-Saharan Africa, gross gains (1.57 Pg C yr . This gross loss per year represents approximately 5% of the dryland total carbon stocks in Africa (14.28 ± 3.7 Pg C in 2010) (Fig. 2f) . By contrast, yearly gross losses from humid areas represent approximately 2% (− 0.95 Pg C yr ) of the total stock (56.47 ± 8.2 Pg C in 2010), with noticable areas in the Democratic Republic of the Congo, Ethiopia, Uganda, Ivory Coast, Ghana and Nigeria (Fig. 2b,d ). Gross gains in humid areas were 0.93 Pg C yr −1 and were mainly located around the central African forest of the Congo basin (Fig. 2b,c,e,f) . The fact that the magnitude of gross fluxes were much larger than that of net fluxes illustrates the highly dynamic variations in carbon stocks during the study period.
Areal and net changes in carbon stocks were close to zero when averaged per land cover class at a continental scale (Fig. 2g) . The open trees/shrubs class had gross gains that were below gross losses (net change − 0.06 Pg C yr
; Supplementary Fig. 6 , Supplementary Table 1) . Using Senegal as a case study site, the observed L-VOD decrease was related to a mass dying of shrubs (2013) (2014) (2015) caused by a prolonged dry period that was documented by very high spatial-resolution satellite and field data from 2015, see ref. 27 for 
NATure eCOLOgy & eVOLuTiON
further documentation of this event (Fig. 3, Supplementary Fig. 7 ). Stocks of woodlands considerably increased north approximately 10° S but decreased further south (Fig. 2g) , with a continental scale increase of 0.04 Pg C yr . Gross losses in rainforests were − 0.27 Pg C yr −1 , presumably caused by deforestation (Fig. 2b− d) . Gross gains (0.24 Pg C yr ) almost compensated carbon losses in rainforests, but losses occurred on larger areas than gains (Fig. 2g) . Using a simple bookkeeping model, an annual carbon loss from deforestation of − 0.40 Pg C yr −1 in Africa has been reported previously 28 , which is comparable to our observed values for rainforests (− 0.27 Pg C yr
), although belowground biomass carbon changes and delayed soil carbon emissions after deforestation, which were part of the bookkeeping model, were not included in the L-VODbased carbon estimates.
For individual years, the largest net losses (− 0.69 Pg C for all Africa, − 0.25 for drylands and − 0.44 Pg C for humid areas) were found in 2015 (Fig. 4a) , which is comparable to the net carbon fluxes that were measured by the Orbiting Carbon Observatory-2 for tropical Africa (− 0.80 Pg C) during the severe El Niño We applied two ecosystem models to test the performance of state-of-the-art methods that are commonly used to assess largescale temporal carbon dynamics. The spatial patterns of carbon stored in aboveground woody vegetation simulated by the LundPotsdam-Jena General Ecosystem Simulator (LPJ-GUESS; r = 0.85, P < 0.01) and the Organizing Carbon and Hydrology in Dynamic Ecosystems-Ameliorated Interactions between Carbon and Temperature (ORCHIDEE-MICT; r = 0.87, P < 0.01) agreed reasonably well with L-VOD carbon estimations (Fig. 4b , Supplementary  Fig. 2 ). Drylands, however, showed a share of the total pool of African carbon stocks of 20% in L-VOD but only 6% in LPJ-GUESS and 8% in ORCHIDEE-MICT, possibly because these models describe vegetation as either grass or tree plant functional types, but do not incorporate the mixed types that occur in savannahs. Inter-annual variations in LPJ-GUESS-simulated carbon stocks were comparable with L-VOD estimates for the years 2011-2013, but carbon losses in 2015 were strongly underestimated by the model (Fig. 4a) . Net changes in 2014 were positive in the ecosystem model, but negative in L-VOD. Average annual variations in C density (Mg C ha −1 ) were 1.5 ± 1.1 (mean ± s.d.) when calculated using L-VOD and 1.1 ± 1.5 (mean ± s.d.) using LPJ-GUESS. 
Recent dry periods have reduced carbon stocks in dryland areas. The soil moisture data 30 showed latitudinal patterns that were similar to L-VOD carbon density data and explained a large fraction of the observed dynamics in carbon stocks between 2010 and 2016 (Fig. 5a,b) . Although the fire frequency increased in 2016, fewer fires occurred in areas of major L-VOD decreases (Fig. 5c ). These recent decreases in L-VOD-estimated carbon stocks were most pronounced in southern Africa, which was approximately reproduced by the ecosystem models (Fig. 5d,e) . Moreover, rainfall data 31 and vegetation greenness indicated abnormally dry conditions in most parts of Africa in recent years, particularly during the severe El Niño episode of 2015-2016 (Fig. 5f,g ), indicating that dry years have caused the changes in L-VOD, rather than impacts from human disturbance and fires. Prior to 2010, conditions were stable and extraordinarily positive anomalies in carbon density and soil moisture were recorded for 2011 (Fig. 5a,b) , confirming previous studies based on ecosystem models and greenness satellite data 13 . In the later years, carbon stocks estimated by L-VOD and simulated by ecosystem models decreased considerably (Fig. 5b,d ,e) and southern Africa turned from being a carbon sink into a source, with considerable carbon losses between 2014 and 2016. Simulations by ecosystem models suggested that the negative trend in dryland carbon stocks persisted over the 1982-2015 period, beyond the SMOS observation era (Fig. 5h-j) . Simulated increases in humid areas around 5° N-10° S were less strong in L-VOD (Fig. 5e ), but observed decreases around 0° were not shown in the climate-driven ecosystem models, suggesting that deforestation was the cause.
Overall, most of the detected decreases in carbon stocks were related to the abnormally low soil moisture (Fig. 6a ) and rainfall 
conditions (Fig. 6b) . Note, however, that soil moisture cannot explain the large-scale increases in carbon for around 5° N that may either reflect non-symmetrical net primary productivity responses to wet years (positive convexity), improved forest management or a decrease in wood-fuel gathering in regions affected by conflicts and migration to urban areas (such as, South Sudan and the Central African Republic). At the country scale, carbon stocks were found to increase in Sudan, the Central African Republic, Cameroon, Chad and Zimbabwe (Fig. 6b) , in spite of mostly dry conditions and marked deforestation reported by the FAO in these countries 32 . Carbon stocks decreased considerably in Ghana, Ivory Coast, Nigeria, Uganda and Kenya, which may have partly been caused by deforestation. Despite their lower woody covers compared to forested areas, large losses of carbon were found in South Africa, and were related to dry years.
The sensitivity of inter-annual variability in carbon density to dry years was assessed by a Spearman rank correlation between carbon density and soil moisture (Fig. 6c, Supplementary Fig. 8 ). This showed that country level carbon stocks were less sensitive to dry years in countries with humid regions whereas stocks were most sensitive in countries with drylands.
Discussion
Assessing aboveground carbon stocks and their changes using repeated inventories with a gridded sampling scheme is laborious and impossible to implement in all African countries, so assessments with short intervals for understanding changes in stocks from year to year are unrealistic at a continental scale 17 . SMOS-IC L-VOD data provide a valuable alternative and a tool for rapid monitoring of carbon stocks and their changes. Our comparison with an existing benchmark map 19 provided highly satisfactory correlations, supporting the utility of the data. The coarse spatial resolution (25 km) sets clear limits for the operational application of the L-VOD dataset in relation to local scale forest monitoring. In addition, this work is based on early prototype VOD-retrieval algorithms that are not free of uncertainty. However, this study shows that low-frequency VOD is a major leap forward to enable assessments of carbon dynamics at the regional to global scale. Furthermore, the applied benchmark map inevitably includes propagated uncertainty (Supplementary Table 1) , and the conversion adds some uncertainty to the final prediction. However, a deviation of L-VOD does not imply that the benchmark map is closer to reality. An independent calibration of L-VOD with field surveys, LIDAR and very high spatial resolution imagery for a stand-alone biomass product is a logical next step. For this study, however, the strong correlation between L-VOD and the benchmark map enabled us to provide an application of lowfrequency passive microwaves to estimate temporal changes in carbon units at the sub-continental scale. The method that was used in this study is preferable to optical remote sensing, because 
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the L-VOD data are only controlled by the biomass of the vegetation and do not seem to saturate in forests. Moreover, although high-frequency X-VOD has been successfully used for global biomass mapping 23 , the X-VOD sensor is more sensitive to green vegetation and restricted to the upper green canopy layer when the vegetation is dense 22 . This is visible from a much higher interannual variability in mean annual values of X-VOD than those that we observed using L-VOD, and the intra-annual variations of monthly L-VOD data are also low (mean (± s.d.) amplitude of 0.01 ± 0.01). Therefore, the advantage of L-VOD over previous methods is that it enables the continuous monitoring of carbon stocks, annually or even more frequently, for both forests and savannahs. Our results demonstrate the potential utility of L-VOD as a complementary data source for the quantification and monitoring of carbon stocks for national reports and largescale efforts, such as the United Nations Framework Convention on Climate Change (UNFCCC) and the Intergovernmental Panel on Climate Change (IPCC), especially for semi-arid regions with little inventory data.
Continuing deforestation and forest degradation supposedly contributed to the gross carbon losses observed in humid areas, in particular in rainforests and woodlands. Forest degradation does not strongly reduce carbon stocks and is followed by permanent recovery, and future studies therefore need to explore whether this process may be concealed by saturation or whether it can be detected using L-VOD.
In spite of carbon losses that are presumably caused by deforestation, we found that carbon stocks in rainforests remained relatively stable over the period of 2010-2016 and were not evidently correlated with variations in rainfall and soil moisture. On the other hand, carbon stocks outside densely forested areas were much more variable and were highly sensitive to climatic fluctuations, with two extreme events that consisted of a very wet year in 2011 and a very dry one in late 2015 and early 2016. Previous studies 1, 13, 33 have often reported global increases in dryland carbon stocks, which has led to the general understanding that drylands may serve as carbon sinks. Our study found that dry years have partly reversed this trend for 2010-2016 in areas in which such increases in woody vegetation (and thus carbon stocks) have occurred in the past (for example southern and west Africa 1,33-35 ), demonstrating that climate controls short-term variations in carbon stocks at large scales.
Previous studies of carbon dynamics in Africa were based on ecosystem models and optical satellite observations that measure changes in the green fraction rather than in biomass. Our observational data on dryland vegetation carbon stocks and dynamics showed substantially higher values than simulated in the two ecosystem models, suggesting that models may underestimate the crucial role of dryland savannahs as carbon sinks and sources 13, 34, 36 . The losses of carbon from African drylands during 2010-2016 support the view that the large area of drylands and their highly variable carbon stocks make these ecosystems important to the global accounting of the carbon balance, even though mean carbon stocks are generally quite low per area unit. With such inter-annual variability, it is difficult to conclude from the 7 years of observation presented here whether the observed trends reflect quasi-decadal variations or whether it is a sign of longerterm dynamics. However, considerable losses were observed in 2010-2016, so we need to reassess whether, in the long term, woody vegetation in African savannahs will indeed continue to be a carbon sink 37 . If dry years become more frequent 38 , largescale carbon losses may exacerbate climate change, particularly in dry areas. Our study therefore highlights the importance of timely monitoring of both tropical deforestation and the highly dynamic woody carbon stocks of savannah ecosystems for assessments of global carbon stocks. 
Methods
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in the IC version (1.05) 39 . It is a global product gridded at 25-km spatial resolution and one-day temporal frequency. The SMOS products (soil moisture and L-VOD) are computed from a two-parameter inversion of the L-MEB model (L-band microwave emission of the biosphere) from the multi-angular and dual-polarized SMOS observations 25, 40 . Soil moisture and L-VOD products are independent and weakly correlated (Fig. 1c) . In the newly developed IC version, these products are independent of the use of auxiliary data from other space-borne observations or simulations from atmospheric models (only surface temperature estimates from ECMWF (European centre for medium-range weather forecasts) products are used in the L-MEB inversion). We applied several steps of filtering to retrieve relatively robust and stable annual estimates. First, we excluded daily observations for which the RMSE between measured and L-MEB modelled values was larger 8 K 39 as well as outliers larger than 2 s.d. from the mean. Then, water bodies and pixels with on average less than 20 valid observations per year were masked out from the analysis. Assuming that approximately 50% of the aboveground vegetation biomass consists of carbon, biomass was converted to carbon by using a fixed factor of 0.5 20, 41 . The coefficients from the regression were used to convert L-VOD into carbon density (Mg C ha . Conversion to carbon stocks was achieved by multiplying carbon density with the amount of hectare covered by a pixel. Carbon stock statistics per land-cover/ humidity class were derived by summing the values of the pixels.
Uncertainty. Owing to the coarse spatial resolution of the SMOS data, a pixel may contain a mix of deforestation, regeneration, livestock pressure, conservation, fires, shrub encroachment and other events, resulting in a mix of carbon gains and losses that cannot be singled out. Moreover, different land cover types (for example, forests, cropland and savannahs) are often mixed within a single pixel. The coarse spatial resolution therefore renders the clear attribution of carbon changes to specific events impossible, unless they are large scale events (such as, climate perturbations). Our analysis thus presents the results of large scale averages (for example, latitudinal) and concentrates on temporal rather than spatial variations. Furthermore, although annual median values have been shown to be stable, remaining noise in the data (for example, radio frequency interferences) cannot be excluded, and may locally affect inter-annual variations. It is, however, unlikely that averages per latitude, land cover class or per humidity zone are biased by noise, which is supported by the very low inter-and intra-annual variations of L-VOD (on average 0.04 and 0.2, respectively).
We did not aim to improve existing biomass maps nor did we assume that the values of the benchmark map were free of errors and represent reality. The benchmark map includes propagated uncertainties from allometric equations, the LIDAR model and the random forest extrapolation 19 . These uncertainties are shown in Supplementary Table 1 and the numbers have to be taken into account when interpreting the results; we refer to the original study 19 for further details. Furthermore, the conversion of L-VOD to carbon density propagates uncertainty that was assessed by a 10-fold cross validation. Here the data were randomly split in 10 folds of equal size, which were used to predict the omitted values. The root of the mean squares of all folds gives the cross-validated RMSE. We report the median RMSE at the 95% confidence level for different classes as ± xy; for a full list, see Supplementary Table 1 .
Yearly anomalies were calculated by the z score: (value − mean)/standard deviation. Net carbon changes were estimated by the difference between the carbon maps of 2010 and 2016. Gross losses (gains) were calculated by cumulating negative (positive) differences between the consecutive years, enabling the quantification of the effect of deforestation (or dry years) without considering regeneration. That calculation assigns a per-pixel deforestation fraction per pixel and per year, with a corresponding amount of carbon regrowth that is deduced from the deforestation rate during the next year.
As for L-VOD, soil moisture from the SMOS mission 30 was applied in the IC version 40 . A 30-day median was averaged for each year as a robust proxy for available soil moisture in the root zone. Although soil moisture was derived from the same sensor as L-VOD, the variables are independent attributable to the multiangular capabilities of the SMOS sensor 42 and Fig. 1c shows that the correlation between soil moisture and L-VOD is weak.
Rainfall data. We used Climate Hazards Group Infrared Precipitation with Station (CHIRPS; v.2) daily rainfall data 31 , aggregated to SMOS resolution (average). The number of rainy days per year were counted as days with rainfall > 1 mm. Yearly anomalies in rainfall and soil moisture were calculated using the z score: (value − mean)/standard deviation.
Land cover and humidity classes. The European Space Agency's (ESA's) Climate Change Initiative (CCI) L4 land cover 26 for 2015 was aggregated from 300 m to 25 km using a stepwise hierarchical majority aggregation (six steps). We reduced the number of classes to four (open trees/shrubs, shrubland, woodland and rainforest), sorted by potentially increasing woody cover and carbon density. We merged all classes that have scattered trees and shrubs in the class open trees/ shrubs, which includes croplands along all rainfall zones, open trees, sparse vegetation and grassland. Note that areas converted from forest to cropland (for example, in west Africa and Madagascar) are therefore included in this class, which also includes remnants of forests, that is, cropland/forest mosaics ( Supplementary  Fig. 3 ). Moreover, owing to the large pixel size, a pixel free of trees or shrubs does not exist. Shrublands potentially have a dense woody cover, but the general capacity to store C is low because of the small size of the shrubs. Woodlands included open and closed tree cover, mostly located in the sub-humid and humid zones. This includes the Miombo woodlands. Rainforest are closed forest areas around the equator and at the west African coast, located in areas above 1,500 mm rainfall per year.
Additional data. Commercial satellite data were available via the NextView licence from DigitalGlobe Inc. and were used for illustration ( Fig. 3 and Supplementary  Fig. 7 ). The images were from the WorldView-2 and QuickBird-2 satellites and included multispectral imagery, which were pansharpened to a spatial resolution of 50 cm 27 . GIMMS-3g NDVI was used as a proxy for vegetation greenness. We summed the bi-monthly NDVIs for each year for 1982-2016. This is a widely used method to estimate the annual activity of green vegetation 43 . Annual fire frequency was derived from MOD14CMH by averaging monthly values.
Ecosystem models. ORCHIDEE (organizing carbon and hydrology in dynamic ecosystems) is a process-based dynamic global vegetation model that was developed for simulating carbon fluxes, and water and energy fluxes in ecosystems, from site level to global scale 44 . In this study, an updated version known as ORCHIDEE-MICT (ameliorated interactions between carbon and temperature) revision 4080 was run on an African grid using the 6-hourly Climate Research Unit (CRU) and National Centers for Environmental Prediction (NCEP) reconstructed climate data at 2° × 2° spatial resolution 44,45,] . The ESA CCI land cover product 26 for the year 2010 was used to produce a plant functional type map used in ORCHIDEE-MICT model, following previously described methodology 46, 47 . An updated release of the historical land-use forcing dataset LUHv2h (http:// luh.umd.edu/data.shtml; updated from LUHv1 48 ) was applied to this reference plant functional type map to constrain the land-cover changes of forest, natural grassland, pasture and cropland during the period 1860-2015 using the backward method (BM3) according to a previously published study 49 . The simulation run for this study used forced vegetation distribution maps and outputs on woody carbon density (sap-and heartwood) were resampled to L-VOD resolution (bilinear).
LPJ-GUESS 50 is a dynamic vegetation model that simulates the global distribution of vegetation as well as the carbon and nitrogen cycling within vegetation and soils. It applies a set of 12 plant functional types with different morphological, phenological and physiological characteristics, of which 10 represent tree types and 2 represent herbaceous vegetation. For the simulation of woody aboveground biomass, LPJ-GUESS was forced with monthly gridded meteorological station data at a spatial resolution of 0.5° × 0.5° from the climatic research unit of the University of East Anglia (CRU ts 3.24.01 51 ), monthly model-derived estimates of nitrogen deposition 52 and annual atmospheric CO 2 concentration based on ice core data and atmospheric observations 53, 54 in a simulation for the period of 1901-2015. The simulation was preceded by a 500-year spinup applying the first 30 years from the climate forcing in a repeated manner. Land use was represented with a simple implementation following a previously published study 34 , applying historical reconstructions of land use from previously published data 48 . Annual maps of woody carbon density (sap-and heartwood) were resampled to L-VOD resolution (bilinear).
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